ABSTRACT Smart grid is expected to support electric vehicles parking lots with the existing power line infrastructure. In order to support all electric-vehicles (EVs) users to complete their charging needs before leaving the parking lot, the power grid requires that the charging demands of EVs should be within the allowable power limit to avoid the grid overloading. This paper proposes a fuzzy logic inference based algorithm (FLIA) to manage the available power efficiently for EVs in the parking lot. The problem is mathematically formulated and solved by the credibility of the fuzzy inference mechanism to control charging and discharging of the EVs. The key idea is to introduce the fuzzy inference mechanism that evaluates several uncertain input parameters from the electric grid and from EVs to obtain an adequately accurate charging or discharging decision for each of the connected EVs. The proposed scheme is applied to a parking lot with different parking capacities and compared with the conventional-based systems. The simulation results demonstrated the feasibility and effectiveness of the proposed algorithm when dealing with the available power management and satisfying the EV user's requirements.
I. INTRODUCTION
Electric vehicles are basically used as a mean of transportation while contributing to a wide range of economic and environmental benefits including better air quality and reduce dependence on oil-based fuels [1] . In recent years, pollution free environment and smart mobility services with non-fossil fuel vehicles are the major factors to support the growth of EVs. According to the International Energy Agency (IEA), the global stock of EVs has been increased by 56 % in the year 2017, resulting in a total of 3.1 million EVs. There is a growing trend of battery electric vehicles (BEVs) and plugged-in hybrid electric vehicles (PHEVs) across many countries including China, United States, and Europe. The highest ratio is the Chinese market
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which is above 1 million EVs, and second is the European Union and the United States, where each one represents about a quarter of the global stock. In the European Union, Norway has the world's highest share of 6.4 % of EVs, in their vehicle stocks. On the other hand, the maturity of the battery technologies is facilitating the development of augmented battery capacities with a reduced cost which solves the issues of drivers range anxieties. The impressive progress made in battery size, battery performance, and cost reduction enabled the use of larger batteries in the automobile sector. For instance, the battery capacities of passenger lightduty vehicles are in the range of 20-100 kWh. In China, the best-selling battery sizes are in the range of 18.3-23 kWh. In EU and North America, the batteries sizes of medium and large EVs are in the range of 23-60 kWh and 75-100 kWh, respectively [2] . These rising number of EVs with larger battery capacities moving across the city will often need to be recharged. Vehicles charging load may coincide with the other smart grid load such as residential load and may cause the grid overloading if EVs are charged without any controlled strategy. Such a coincide of the residential load profile with the vehicles counts on the road for an urban area has been identified in Ref. [3] . The work shows an overlap between vehicles on the street and the residential load profile from 2:00 PM to 6:00 PM. An uncontrolled simultaneous charging of a fleet of EVs during such an overlap time may greatly stress the distribution network in terms of power losses, voltage fluctuations, degraded power quality and efficiency, and even increases the chances for power black-out. This is because most of the public charging sites use fast charging stations (CSs) with level 3 charging option to provide quick services to their customers. These fast stations with level 3 charging option are supporting both the society of automotive engineers (SAE) J1772 Combo standard and CHAdeMO JEVS G105-1993 standard. The CHAdeMO standard specified a maximum of 62 kW power supply through a high direct current of up to 125 A at 500 V, while the J1772 Combo standard uses DC 500 V at 200 A to provide a maximum charging power of 100 kW [4] . In practice, most of the EVs can't take full advantage of such fast stations because they do not support 500 V thus limiting the rated power of these CSs to 50 kW and taking around 20-50 minutes to fully charge an empty BEV [5] . In the residential area, most consumers charge their EVs during night time using slow chargers, while fast charging stations are convenient for the EV users in locations such as highway and commercial parking lots. For instance, the 50 kW fast stations are suitable for highway locations (Charge and go), whereas a 20 kW fast chargers have been designed for commercial parking lots (Park and charge), which allows the drivers to park their EVs, go for movies or a restaurant and return to fully charged EVs [6] . The charging load of EVs at public charging stations should be accommodated within the existing powerline infrastructure to avoid the high upgrade cost of the power the grid. For instance, the grid upgrade expenses have been estimated in California based on [7] to be around $145 per vehicle. The above discussion implies that the EVs parking lot operators have to manage the power efficiently to avoid the grid overloading as well as satisfying a maximum number of EVs for the user's satisfaction. In order to fulfill such requirements, there are a number of different parameters which are varying with time and are uncertain in nature, thus making the system more complex and dynamic. These parameters are the status of the grid load, the electricity prices, the EVs arrival time, departure time, state-of-charge (SoC) at the time of arrival, required service time, and the time spent in the parking lot. The SoC of battery, the parking duration, and the available power are the three main factors that influence the parking lot operator decision for the connected EVs whether to charge, discharge or keeping them withhold. In practice, the driver's perception of these parameters is highly imprecise. For instance, the driver's description for SoC is low, medium or high while for parking duration is short, medium or long. Similarly, the postulation of parking lot operators on the available power at the time of decision is simply described as low, medium or high. The fuzzy logic based methodology is an effective solution to deal with such type of time-varying and complex system. The fuzzy logic approach comprehensively solves the complexity of any real-time nonlinear system by breaking it down into a simple weighted sum of linear subsystem [8] , [9] . Motivated by the increasing number of EVs, the grid constraints, EV user's behaviors, and the fuzzy approach towards solving such complex system, this work aims to develop a fuzzy logic inference based algorithm to control the EVs charging and discharging in such a way that the grid constraints are respected while improving the number of served EVs. In order to do so, in each scheduling period, the developed fuzzy inference system determines a weighted decision value according to the input parameters including stay time, SoC of each EV and available power from the grid operators. These input parameters for controlling the charging and discharging of EVs are believed to be adequately accurate for solving this complex problem. The proposed scheme is applied to a parking lot and simulated different cases with different parking capacities. The performance of the proposed FLIA is evaluated against conventional schemes.
The contributions of this research work are as follows.
• The problem is formulated mathematically through objective function and solved through the fuzzy logic inference mechanism.
• We introduced the fuzzy logic inference mechanism by defining the input and output variables, their membership functions, set of fuzzy inference rules, and the defuzzification method to determine an accurate decision value for each of the connected EV.
• We developed FLIA consisting of four sub-algorithms: In each sampling period, the scheduled charging and discharging operations are performed and the total load of the grid is updated through the sub-algorithmManage_EV_behavior.
• The proposed FLIA is tested by applying it to a parking lot with different parking capacities and results are verified against two conventional schemes: charging only first-come-first-serve (CFCFS) and charging & discharging first-come-first-serve (CDFCFS) based systems. The acronyms and symbols used in this paper are listed in Table 1 . The paper is organized as follows: Section II provides related work by describing state-of-the-art techniques in this area. Section III illustrates the problem statement, the proposed system model, mathematical formulation and the proposed FLIA to manage the available power and achieve maximum user's satisfaction. Section IV presents the simulation setup and results. Section V concludes the paper and gives directions for future work.
II. RELATED WORK A. RECENT LITERATURE
Recently, many researchers have shown great interest in fuzzy logic based solutions for different problems such as energy & cost management for EVs and power allocation in parking lots. A joint charging monitoring, reservation and multi-objective optimization technique based on the fuzzy logic controller have been proposed in Ref [10] . The main objective of the work was to minimize the charging cost while enhancing the battery SoC at the plug-out time. The charging monitoring and reservation protocols were used to monitor the status of the charging piles and reserve them through a mobile application. The developed fuzzy controller has been used to compute the output power based on the difference between the time required to charge full battery capacity and the users preferred charging time in conjunction with the real-time electricity prices. The simulation results with a total of 60 EVs showed enhanced performance in comparing the charging cost and the battery SoC with the conventional charging schemes. However, the work may not be effective for a sizeable parking lot because it only considered the charging of EVs while lacking to optimize the discharging power of EVs during the vehicle-to-grid (V2G) operation. Furthermore, in case of a large number of EVs with different battery capacities and user preferences, several EVs will not be able to meet their charging requirement during their preferred charging duration, but this aspect has not been considered. A fuzzy logic based approach for coordinating a large number of EVs with the objective to keep the system within the minimum voltage limit was studied in [11] . The developed fuzzy charging control system consists of three inputs: the SoC, the system minimum voltage and the electricity prices, while the control system output is the charging power. Three different case studies were simulated where the first two cases were conducted as charging only scenarios, while the third case considered charging and discharging. The system results showed an improved performance in terms of system minimum voltage, power losses, and charging levels in slow, medium and fast charging scenarios. However, this work lacked to provide some evidence such that how many EVs were completed their charging requirements during simulation time. Also, the work did not consider charging duration, stay time of EVs and different battery capacities which VOLUME 7, 2019 have a great impact on the system load limits. The authors in [12] studied fuzzy logic-based scheduling of EVs from the economic perspective. The probability density function of real-time travelled data from the national household travel survey was used to model the fuzzy logic mechanism, which correlates the arrival time and departure time of EVs and get the daily travelled distance as output. The initial SoC of EVs were computed according to the travelled distance and the all-electric range (AER) values and the problem was formulated with the objective to minimize the charging cost. Several different charging and discharging scenarios with normal and charging/discharging cases were simulated to analyze the performance of the proposed system in terms of cost and revenue. However, the work has focused on EVs customer requirements and did not consider the smart grid requirements. For future smart parking lots, online intelligent demand coordination of plugged-in (PEVs) through a fuzzy expert system has been proposed in Ref. [13] . The fuzzy expert system assigns a score value (i.e. a charging priority value) to each EV based on three inputs including battery capacity, maximum charger power rate, and parking duration. The work formulated the optimization problem as mixed-integer nonlinear programming and the proposed method was simulated for a distribution network. Apart from the smart grid requirements, the study also focused on the EV user's satisfaction and compared their results with two benchmarks: uncoordinated charging and FCFS. The results showed that the proposed fuzzy score based scheme has a superior performance in view of required energy, delivered energy and user satisfaction. However, the work attempted to address the satisfaction of both the smart grid and EV users without considering the discharging of EVs. During peak load hours and huge demand, it would be difficult for the parking lot operators to keep the charging demand within the smart grid constraint. The parking lot operators are required to compensate the huge demand with either discharging the EVs or using some external sources such as renewable energy (solar or wind energy) and battery energy storage system (BESS). In case of large occupancy of the parking lot, EVs which have an excess of energy and plan to stay for a longer duration will be considered for discharge in order to support the smart grid. The charging process will be reiterated during the low demand hours before their departure. A multiagent based scheme for rerouting of EVs to the charging station according to the real-time price was presented in Ref. [14] . The main objective was to route and charge EVs at a CS within their power limit. A bottom-up hierarchal architecture was used to design the multi-agent system which includes the EV agent, charging station agent, a virtual block agent and a higher-level agent. The EV agent was modeled based on a fuzzy logic expert system for services requesting to the high-level agent. The work was extended with the contribution of communication network framework for managing the mobile prosumers in a pre-connection electric grid [15] . In [16] , a fuzzy logic-based autonomous controller was proposed for EVs in residential distribution systems.
The controller considers both the EVs battery SoC and the system voltage profile. The system performance was evaluated under different operating conditions such as different loading conditions, different penetration levels of EVs and system reconfiguration. In our previous work [17] , we developed a fuzzy inference mechanism based on SoC and the stay time to compute a weight value for each of the EVs requesting for services. The work focused on the EV user's requirements and did not consider the smart grid constraints.
There are several research works that have studied the charging and discharging of EVs based on fuzzy logic reasoning in different domains, as for example, in residential and industrial distribution systems [16] , [18] , in charging stations [19] , and in vehicle-to-grid [20] . Nevertheless, the fuzzy logic knowledge-based expert system plays a key role in coordinating the EVs to manage their energy consumption within the smart grid constraints while satisfying the user needs. The aforementioned research work did not utilize the fuzzy logic based approach to optimally choose the number of charge, discharge and/or withhold EVs according to the parking lot occupancy, adhering the desired requirements of smart grid and EV users at each scheduling period. The proposed FLIA utilizes the output of the fuzzy logic inference decision for each EV to limit the charging demand within the smart grid operation constraints as well as satisfying the EV user's needs. A comprehensive description of the proposed methodology is given in the next section.
B. PRELIMINARIES 1) THE FUZZY SETS
The concept of fuzzy set theory introduced by Zadeh [21] is a theoretical tool that provides the notion of partial belonging to a set, rather than a perfect knowledge. A fuzzy set A in the universal set X is represented by an ordered pair of its element and membership function µ A (x) as expressed in Eq. (1) .
2) THE MEMBERSHIP FUNCTIONS
The membership functions are the core of fuzzy sets theory which gives the knowledge of belonging of every element in the fuzzy sets. Mathematically, a membership function can be characterized as Eq. (2).
The value of membership function lies in the range [0, 1], denoting the extent to which the element x belongs to A. A higher value of membership function represents a strong belonging ofx to the fuzzy set A, whereas a lower value means a weak belonging of x to the fuzzy set A. The details of linear membership functions used in this work are as follows [22] .
a: TRIANGULAR MEMBERSHIP FUNCTION
It corresponds to a triangular shape, which can be defined by three abscissa and can be mathematically expressed as Eq. (3) [23] .
where a, b are the lower and upper limits and m is the modal value of the triangle such that a < m < b.
b: LEFT-RIGHT OPEN SHOULDER MEMBERSHIP FUNCTION
The left-right (L-R) open shoulder membership function corresponds to the shapes and , respectively. It can be defined by two parameters a, b, as Eq. (4) and Eq. (5) [24] .
where a and b are the two lower and upper points at the x-axis L-R shape.
c: TRAPEZOIDAL MEMBERSHIP FUNCTION
The trapezoidal membership function can be defined through four parameters. The lowest and the highest limits define the boundaries of the trapezoidal shape. Mathematically, the membership function can be expressed as Eq. (6) [23] .
where a and d are the two lowest and highest limits at the base of the trapezoidal, and b and c are the two lower and upper of its nucleus.
3) THE FUZZY INFERENCE MECHANISM AND RULES
The inference mechanism of the fuzzy system is the process that maps the inputs to the output. It includes the quantification of the crisp inputs into fuzzified variables by mean of membership functions, the set of rules according to the human knowledge and the implication of fuzzy rules through composition operations to infer the output for the given inputs. The fuzzy inference mechanism is based on the relational algebra of fuzzy set theory. Definition 1: Let A and B be two fuzzy sets in the universe of discourses X and Y such that A ⊆ X and B ⊆ Y , their fuzzy relation denoted by R = A −→ B is a Cartesian product in X x Y and can be expressed as Eq. (7) [23] .
The fuzzy relations are usually represented using twodimensional mxn matrix and can be expressed as Eq. (8) [25] .
Definition 2: Let A, B, and C be the three fuzzy subsets of the universe of discoursesX , Y and Z such that A ⊆ X , B ⊆ Y and C ⊆ Z . Let R = A −→ B andQ = B −→ C, then S can be a relation that relates the elements in A that R contains to the elements in C that Q contains and can be computed by fuzzy composition operation as Eq. (9).
where the symbol ''•'' is the mamdani MIN-MAX composition of membership degrees of R and Q. The inferred fuzzy set S and the MIN-MAX composition can be expressed as Eq. (10) and EQ. (11).
4) THE DEFUZZIFICATION
The output of the fuzzy inference needs to be converted through the defuzzification process to represent it in crisp logic. There are several methods of defuzzification such as Center Of Gravity, Middle of Maxima, First of Maxima and Last of Maxima and Random choice of Maxima [26] . The Center Of Gravity is the most popular method and can be expressed as Eq. (12) and Eq. (13), respectively for continuous and for a discrete universe with k = 1, 2,. . . ,m quantization levels [23] .
5) THE α-CUT AND β-CUT PROPERTIES FOR DECISION
The α-cut and β-cut operations on the fuzzy set are used to categorize the crisp set into subsets based on their fuzzy membership function and the known α-cut and β-cut values, such the membership function values greater than or equal to α can be used for one specific purpose, whereas the membership function values equal to or less than the β can be used for other desired purpose [27] . Definition 3: Let A be a fuzzy set in the universe of discourseX, the upper α-cut denoted by A α and lower β-cut VOLUME 7, 2019 denoted by A β on set A can be expressed as Eq. (14) and Eq. (15) [28] .
III. PROPOSED EFFICIENT POWER MANAGEMENT ALGORITHM BASED ON FUZZY LOGIC INFERENCE FOR ELECTRIC VEHICLES PARKING LOT A. CONVENTIONAL SCHEMES FOR ELECTRIC VEHICLES
We categorize EVs benchmark schemes into charging only and charging & discharging FCFS as follows [13] .
1) CHARGING ONLY FIRST-COME-FIRST-SERVE
The charging only first-come-first-serve (FCFS) scheme basically follows the sequence of the arrival time of EVs. Since this scheme considers the arrival time only, the total load is the charging load of parked EVs plus the new arrival EVs. The scheme is useful to fulfill the charging requirements of all connected EVs. However, as the parking occupancy increases, it will result in grid overloading. The total demand of the parking lot will increase as most of the early arrived EVs are requesting for charging.
2) CHARGING AND DISCHARGING FIRST-COME-FIRST-SERVE
The charging & discharging first-come-first-serve (CDFCFS) scheme deals with the charging and discharging of EVs according to the arrival time of EVs and taking into account the grid load at any scheduling period. The solution is straight forward and can adapt the status of the grid load if needed, either discharging or withhold those EVs which have arrived early, regardless of their staying and departure time. The CDFCFS greatly works when dealing with the grid constraints, however; it is unfair from EV user's point of view. For instance, EVs which arrive late and will stay for a shorter time will require to be serviced before those which arrived early but plan to stay for a longer time in the parking lot. In such a case, the later arriving EVs will not get any opportunity to charge/discharge because they have to wait until all the early arrived EVs got served. We illustrate the CFCFS scheme and the unfairness of the CDFCFS scheme using an example, where the same example can be applied to the discharging case as well.
Example: Let us assume that five EVs arrived at the parking lot such that EV1 arrived first then EV2 and so on. The EVs are assumed to be of different battery capacities with different SoC, arrival time and departure time. All the EVs are supposed to be served by a single fast CS with a charging rate of 20 kW/h. Let the charging time be discretized into 15 time slots such that the length of each slot is 15 minutes. Therefore, the charging rate is 5 kW/time slot. Let's assume that the total number of charging slots required are 7, 9, 7, 6 and 4 for EV1, EV2, EV3, EV4, and EV5, respectively. The smart grid can normally support charging three EVs simultaneously. However, if more than three EVs were charged at any time instant t, the additional power consumption is considered as an overload imposed on the smart grid normal operation. On the other hand, all the EVs need to be charged at the end of their parking duration. The parking lot operators should handle this situation in such a way that they have to satisfy all the EVs charging requirements under the smart grid normal operation constraints. The CFCFS scheme for this scenario is shown in Fig. 1(a) , and its associated output in term of power consumption and the number of charged EVs is shown in Fig. 1(b) . These figures clarify that the CFCFS solution satisfies the EV requirements, however; it violates the grid operation constraints by stressing and overloading the grid. The CDFCFS scheme schedules the EVs differently such that it adheres the arrival time and the grid limitation constraints. The CDFCFS scheme is given in Fig. 1(c) with its corresponding outcome shown in Fig. 1(d) . It can be seen that the solution provides a safe charging operation under the smart grid limitations, but in this case, the EV5 which arrived late and stayed for a shorter time is unable to charge by the end of its parking duration. In contrast to both of these conventional schemes, the proposed solution is illustrated in Fig. 1(e) and the results are shown in Fig. 1(f) . It keeps track of the arrival time, departure time and the grid operation constraints while scheduling the charging operation of EVs. It can be observed that the same situation is handled with great care in such a way that vehicles which have a longer stay time are withheld to give the charging opportunities to vehicles which are leaving the parking lot soon. As a result, all the five EVs are completing the charging operation at the end of their parking duration without any additional overloading for the smart gird.
B. PROPOSED SYSTEM MODEL OF FLIA
This work considered a low voltage power distribution network which supports many households and a parking lot as shown in Fig. 2 . The EVs arrive and leave the parking lot according to their planned departure time. The parking lot controller collects all the EVs information upon their arrivals through a local area network between the parking lot controller and the charging stations [29] . The advanced metering infrastructures (AMI) are installed at the customer's premises to update the power consumption to the distribution system operators. Also, the distribution system operators communicate with the parking lot controller through a wide area network [30] . The FLIA is based on the services of fuzzy logic inference mechanism which comprehensively solve the complicated temporal varying inputs from the smart grid and inputs from the EVs and determine an accurate charging and/or discharging decision for each of the connected EVs. Thus, the FLIA perform a safe operation under the constraints of the smart grid. A right decision for each EVs is a complex problem, involving diverse input factors from the smart grid (temporal variation of baseload on the grid) and EVs (user's behaviors) with a higher degree of uncertainty. The fuzzy logic system is able to understand the complicated behavior of such complex situations in an effective way and provide a fast solution. To deal with the uncertainty and support a fast response in real-time, the author's in [31] , [32] used Type-2 fuzzy logic based approach in various domains.
1) FUZZIFICATION OF INPUT PARAMETERS
The relevant input parameters, their types and membership functions play a crucial role in developing the fuzzy inference system. Two different domains are considered for selecting input parameters: the smart grid domain and the EV domain. The available power, the SoC and the user's behavior of parking duration influence the decision value. These parameters are chosen as input to the fuzzy system. The set of these crisp inputs should be converted to the set of linguistic variables by determining the degree of the membership function as stated in the preliminaries section. The conversion of crisp inputs to a fuzzy variable and its representation through the membership function is called the fuzzification process. Based on several experiments, the optimal numbers of five membership functions are selected for each of the three input variables. The unit and the range of each of the input variable are determined to represent it through the degree of the membership function. The first input is the parking duration, ≤ µ n EV (SoC) ≤ 0.7, whereas the sets H and VH contain EVs having 0.5 ≤ µ n EV (SoC) ≤ 1.0, as illustrated in Fig. 3(b) . Fig. 3(c) .
2) FUZZY KNOWLEDGE BASE INFERENCE MECHANISM FOR DECISION
The set of fuzzy rules and membership functions are evaluated through the fuzzy engine/inference system (FIS) to infer the fuzzified knowledge for any given input data. The output of the inference system is the set of fuzzy variables, indicating the scale of change imposed by the degree of membership functions and the fuzzy inference rules. Three main components represent the core of the fuzzy inference mechanism: the membership functions of input variables, the membership functions of output variables and the set of fuzzy rules. In this work, we defined the output variable as decision denoted by D, which holds float type values in the range of [0∼1]. Several experiments were conducted to choose the membership functions for the fuzzification of the output decision variable. Through this adaptive method, the optimal number of membership functions were selected as three. Thus, the output variable D is defined with three linguistic terms Charge (CH), Hold (HD) and Discharge (DS). The CH and DS are implemented as a left and right open shoulders membership functions according to Eq. (4) and Eq. (5), respectively. The HD is implemented as a trapezoidal membership function using Eq. (6). The output fuzzy Fig. 4 . The next step is to define a set of fuzzy rules. The fuzzy rules are based on human knowledge or experience according to the problem domain, regardless of specific principles [33] . The fuzzy rules are considered as knowledge of experts in the problem domain and the design is represented by a sequence of IF-THEN logical form.
The compound structure (linguistic statement) makes an algorithm to describe the output based on the currently observed information. The IF-THEN sequence of rules connects a condition described in linguistic variables to the conclusion using the fuzzy sets properties and operations. In this sequence, the IF part captures the knowledge by using the elastic conditions (antecedents), and the THEN part gives the conclusion (consequent) in linguistic variable form. Two fuzzy sets operation intersection (conjunctive antecedents) and union (disjunctive antecedents) are commonly used through the AND/OR logical operators.
Definition 4: Let A and B be two fuzzy sets in the universe of discourses X and Y such that A ⊆ X and B ⊆ Y , the set of rules with antecedents and consequent can be expressed as Eq. (16) . The generalization of the Eq. (16) can be represented as in Eq. (17) .
where the antecedents is A S = A 1 A 2 A 3 · · · A n and the membership can be expressed as Eq. (18) through min operation.
In the case of disjunctive antecedents, the AND connective is replaced with OR and the with operator. The antecedents are A S = A 1 A 2 A 3 · · · A n and their membership can be expressed as Eq. (19) using max operation.
It can be noticed from Eq. (16) and Eq. (17) that there are several fuzzy rules. The reasoning features of rules enable the inference to be made from several fuzzy rules even if the rule's condition is not fully satisfied. The fuzzy inference system makes use of all the applicable IF-THEN rules and applies min-max operations to compute the degree to which the input data matches the condition of a rule. A higher of the matching degree of input data to the rules would mean the more closely is the inferred conclusion to those rules consequence and vice versa. In this work, fuzzy mapping rules are designed for an appropriate decision of charging, discharging and holding EVs, as shown in Table 2∼6 . There are three input membership functions including parking duration, the SoC and available power, with five linguistic variables in each one, and three membership functions for output decision with one possible probabilistic output value. Therefore, a total of 125 inference rules are defined. Since the mapping rules do not connect all the inputs to the output, therefore tuning of unnecessary or redundant rules would result in a reduced number of fuzzy rules. However, for the simplicity purpose and high accuracy, this work does not consider tuning of the fuzzy rules. In our fuzzy mapping rules, each of the input is mapped to one of the possible three outputs; therefore, the interpretation of three different rules is given as follows: 
1) First fuzzy rule: IF (PD is VSD) AND (SoC is VL) AND (AP is VLAP) THEN (D is HD)
. This rule connects the three inputs to one output value. In this case, if the SoC is very low, it means the EV needs to be charged. However, in relation to the other two inputs which have critical values of very short duration and very low available power, the decision changed to the fuzzified HD value.
2) 73 rd fuzzy rule: IF (PD is MD) AND (SoC is VH) AND (AP is MAP) THEN (D is DS). It means that if an
EV has a medium parking duration, there are chances to recharge it at other time slots, therefore discharge the EV to support the grid.
3) 115 th fuzzy rule: IF (PD is VLD) AND (SoC is M) AND (AP is VHAP) THEN (D is CH).
Since both the available power and the duration are enough, therefore; charge the EV at this time which can be utilized for discharge during some critical time. It is worth mentioning that there are more than one applicable rules for a given value of PD, SoC, and AP. In order to infer an aggregated consequent (final decision linguistic value) from the several individual consequents imposed by each rules, this work adopts the Mamdani min-max aggregation method discussed in Eq. (11) . Let there be a total of r rules such that i = 1, 2, 3. . . r. To infer to the aggregated decision for an EV with r number of applicable rules Eq. (11) can be rectified as Eq. (20) and can be used for the decision.
3) DEFUZZIFICATION OF DECISION FOR EVS
The defuzzification process performs two steps to compute the most certain crisp value from multiple fuzzy sets. First, the fuzzy sets along with their degrees are aggregated together according to some aggregation techniques. In this paper, we use the Mamdani min-max aggregation method as expressed in Eq. (20) . For the second step, any of the general defuzzification methods are used to compute the most certain crisp value. The choice of selecting a defuzzification method depends on the type of membership functions used and their influences on the output according to the change in the input values. For instance, the Middle of Maxima method can be a suitable choice in the case of discontinues environment (nonoverlapping membership functions) where a small change in the input results in jumping to a different value. However, in the case of overlapping membership functions where a small change in the input set does not abruptly affect the output signals, the center of gravity method can be a suitable solution. In this work, a small change has been observed in the decision value with respect to the changes in the input parameters. Therefore, the Mamdani center of gravity is the most suitable technique that can be applied in the application of obtaining an appropriate decision value for EVs while respecting several constraints. The defuzzification equations defined in Eq. (12) and Eq. (13) can be rewritten for the EV decision values as Eq. (21) and Eq. (22) for both the continuous and the discrete cases respectively.
The decision output of each EV should be categorized into either charging, discharging or holding. To utilize the decision value usefully, this work considered the upper α-cut and lower β-cut values defined by Eq. (14) & Eq. (15) . These equations for EV decision can be rewritten as Eq. (23) for EV charging and Eq. (24) for EV discharging and Eq. (25) for holding.
C. PROBLEM FORMULATION AND THE PROPOSED ALGORITHM
The smart grid imposes constraints on the simultaneous charging or discharging of all the connected EVs in the parking lot. For instance, the smart grid should allocate more power to support the parking lot demand in case of the charging process if the charging demand exceeds a certain limit [10] . In this work, the limits are termed as the upper and lower reference power limits which are computed according to the previous day baseload profile [34] . The initial and updated available power at any time instant t can be computed according to the URPL and the baseload profile. The URPL, LRPL, AP and the UAP are expressed by Eqs. (26) (27) (28) (29) .
where BL Peakload (t) and BL OffPeakload (t) are the peak power load and off-peak power load of the previous day baseload profile, respectively. The ω is the stability factor percentage determined by the network operators to maintain voltage and frequency within the required limits. The total power load of the low-voltage distribution system can be obtained by summing-up the baseload and the PL load at any time t, as expressed by Eq. (30) .
The main objective of the proposed FLIA is to intelligently adjust the EVs demand within the available power limit by allowing some EVs to charge, some to discharge while the others to be withheld. In sequel, the problem is formulated with the objective function of minimizing the PL load at any time t as expressed by Eq. (31) .
where P CD is the amount of charging or discharging power. Depending on the SoC and DoD, each of the EV has a charging and discharging period and required as given by Eq. (32).
The objective function defined by Eq. (30) is subject to technical and nontechnical constraints organized into several categories.
1) Parking lot constraints:
The arrival and departure of any EV should be within the parking duration. The arrival time slot of EV should be equal or greater than the starting time slot parking lot, while the departure time slot should be equal or less than the ending time slot of the parking lot. Similarly, the charging and/or discharging duration T CD EV i of any EV, defined by Eq. (32), should be between the arrival and departure time of that EV. These constraints of the parking lot are expressed by Eq. (33), Eq. (34) and Eq. (35) .
2) SoC and charge/discharge limit constraints: In order to maintain the battery efficiency, a standard minimum DoD EV i and maximum SoC max EV i ranges are defined for each EV. Therefore, during the charging or discharging process, at any time t, the SoC t EV i of any EV should be within these defined ranges as given by Eq. (36) . In a very similar way, there are minimum and maximum allowable charging/discharging power limits. At any time t, during the charging and discharging process, VOLUME 7, 2019 the P C and P D should be within the minimum and maximum allowable power limits as expressed by Eq. (37) .
(37) 1) Total power consumption limit constraints: To maintain a smooth operation of the smart grid, at any time t, the total power consumption (i.e. the charging or discharging of EVs and the baseload) should be within the LRPL and URPL. The constraint is expressed by Eq. (38) .
2) Technical constraints: The smart grid regulation defined standard minimum and maximum voltage limits for the power buses. During the charging or discharging process of EVs, at any time t, the voltage levels of any jt h bus should be within the defined V min 
The load impact (increment/decrement) in term of percentage is given by Eq. (40) . Likewise, the number of satisfied EVs can be computed according to the total number of arrived EVs and the number of unsatisfied EVs. We assumed that the EV is counted as an unsatisfied if EV is not fully charged until its departure deadline. The number of satisfied EVs in term of percentage can be computed as Eq. (41) . The pseudocode of the proposed FLIA is given as Algorithm I.
This algorithm performs four main tasks through four subalgorithms, which are explained as follows.
All the new arrivals prior to the current time t are stored in the list n EV . The arrivals of new EVs in the current time t are serviced by algorithm II: Manage_new_arrival. For new arrivals of EVs, this algorithm is called by passing several arguments to it. First, it collects the arrival time, departure time, SoC, and battery capacity for each of the new EV. Then assign the EVs to the charging stations according to their status such as available or not. It computes the stay time of the new EVs and adds each of the new arriving EV to the list of EVs.
Finally, it returns the updated lists of EVs, arrival time, departure time, SoC, battery capacities, the stay time, and the status of the charging station to the main algorithm I. If there are no events of new arriving EVs (i.e. the list n EV is empty), the algorithm I proceeds with computing the initial available power for the current time t and initialize the updated available power. For each of the busy charging stations, it checks whether there are staying EVs in the current time. If there are still EVs with remaining stay time, the algorithm schedules (23) to Eq. (25) . The updated subsets of charging, discharging and withholding EVs and the updated available power for the next decision are then returned to the main algorithm. The scheduled operations of charging and discharging for each of the EVs are then performed through algorithm IV: Manage_EV_behavior. It updates the SoCs of EVs according to the charging and discharging process while retaining the SoC of withholding EVs. Finally, the updated smart grid load and the SoCs are returned to the main algorithm. The departure of each of the connected EVs is handled through invoking algorithm V (Manage_departure). The list of served and unserved EVs is updated by comparing the battery SoC at the time of departure with the battery capacity of each EV along with the updated list of total EVs (i.e. the decrement of an EV with its departure event). The time step is updated and the whole process from step 3 to 26 is repeated until the end of simulation time. At the end of the simulation, the corresponding statistics are computed.
IV. SIMULATION RESULTS AND DISCUSSION

A. SIMULATION SETTING
We considered a low voltage distribution network supporting residential houses and a parking lot. The modified layout of the low voltage distribution network is shown in Fig. 5 [35] . It consists of overhead power line, underground power cables and service drop lines. In the overhead network, electric poles are used to supply power to the customer by connecting them through dropdown lines to the roof connections. The overhead LV-feeder layout is modified by considering a parking lot along with supporting the baseload (household load). In order to compute the residential load, we considered the average consumption of about 2.78 kW for a typical house obtained from the household profile in Ref. [36] . To compute the total residential load, we considered the allocated power of about 135 kW to the node-820 in IEEE 34 bus system [37] , with the consideration that 70 % of allocated power is consumed by the residential load [38] . In this way, a total of 34 houses connected to the feeder are computed. The total residential load profile of these houses is shown in Fig. 6 . The simulation is carried out by means of a java based time driven simulator. The open source java libraries jFuzzyLogic with an application programming interface (API) plugins framework developed for Eclipse software is utilized for the decision of each EV [39] . Mostly the parking hours are between 7:00 AM∼7:00 PM [40] . Therefore, the total simulation time T max = P T for scheduling is T = 12 hours, and each time slot is sampled with 15 minutes time interval t. This gives us a total number of time slots as T max = T t = 48. Four different types of EVs are considered in this study with battery capacities of 40.0 kWh, 60.0 kWh, 80.5 kWh, and 100.0 kWh, respectively [41] - [44] . In order to generate more realistic scenarios, these different battery capacities are randomly distributed with different penetration levels in each case and are given in Table 7 . We considered identical fast charging stations with charging and discharging power of 20.0 kWh [6] . The performance of the proposed FLIA is evaluated in four different cases, with different number of EVs i.e. 50 EVs (Case-1), 100 EVs (Case-2), 150 EVs (Case-3) and 200 EVs (Case-4). In each case, the number of charging stations is equivalent to the number of parking spots. Due to the lack of real-time parking data availability, we generate a random arrival of EVs with a mean value of time slot number 42 and a standard deviation of 6 time slots, using Gaussian distribution.
Similarly, the stay times are generated through the mean value of time slot number 20 and a standard deviation of 4 time slots, following Gaussian distribution. The departure time of the EVs is then correlated to their arrival time through the stay time distributions. The arrival and departure Fig. 7 . Due to the randomness of arrival, departure sequence and the SoC of EVs, the parking lot will have a different occupancy according to the time. The time-varying occupancy of the parking lot in four different cases is shown in Fig. 8 . At the time of arrival, the EVs residual capacity is generated between 20 % and 80 % of their overall battery capacities, following a uniform distribution. For each of the case, the SoC distribution and the battery capacity of EVs at the time of their arrivals are shown in Fig. 9 . Furthermore, the value of ω is assumed to be 10 % of the average baseload profile given in Fig. 6 . It has been noted that most of the time the defuzzified decision value for EVs with a higher degree of membership corresponds to longer stay time, higher SoC and enough available power and vice versa. Therefore, the value of α is set to be 0.8, while the value of β is set to 0.3, respectively. The charging and discharging efficiency η in all the four cases is considered to be about 0.90 [45] . 
Algorithm 4: Manage_EV_Behavior(N
EV , D ch , D ds , D hd , SoC EV , BC EV , BL, P C , P D ,η, i, t) 1. If (N EV [i] == D ch [i] ) 2. SoC EV [i] ← η(SoC EV [i] + P C )temp cha ← temp cha + P C 3. Else if (N EV [i] == D ds [i]) 4. SoC EV [i] ← η(SoC EV [i] − P D )temp dis ← temp dis - P D 5
B. SIMULATION RESULTS
The performance of the proposed methodology is evaluated against two benchmarks: CFCFS and CDFCFS systems. The CFCFS system schedules the EVs according to their arrival time only and performs their charging activities regardless of any control mechanism, such as discharging or holding the EVs. In view of charging, CFCFS is very convenient for the customers (EV owners) but in view of the smart grid, it is not a suitable method, because it can let many vehicles to be charged simultaneously, resulting in overloading of the grid load during the peak hours. The CDFCFS is a controlled policy which considers the arrival time and the power grid constraints into account while scheduling the EVs. If at any time the charging demand surpasses the available power limit, the early arriving EVs are discharged to compensate for the demand. This policy is useful for the power grid because it doesn't violate the power grid limitations, however; the discharged EVs may not have the opportunities to recharge at the end of their parking duration.
The random parking occupancies (Fig. 8 ) and the random SoC (Fig. 9) show that the charging demands of EVs are also varying according to the time. The proposed FLIA utilize the fuzzy logic inference value to optimally decide the charging, discharging or withholding of each connected EV to cope with the complex situation of time-varying charging demand, parking occupancies (different stay time) and varying available power. The performance criteria considered in this study is the satisfaction of the smart grid and EV users. The smart grid satisfaction is measured in terms of percentage impact with respect to the URPL, i.e. how much the smart grid is overloaded with the charging load of EVs, while the URPL is taken as a reference. The EV user's satisfaction refers to the charging requirements of EVs at the end of their parking duration. This performance metric is measured in terms of percentage to the total EVs in the parking lot. The results in Fig. 10 shows the charging and discharging behavior of the EVs as a function of time for three different schemes. The figure elaborates that in all four cases, the CDFCFS and the FLIA are mitigating the charging power demand with discharging of EVs in different time slots. The discharged EVs are recharged in later time slots. Since, each of the control scheme discharge different numbers of EVs at different time slots, therefore; their recharging number of EVs and time slots are also altered. The CFCFS scheme does not perform any discharging even during higher charging demand. The total load of the three schemes in four different cases are shown in Fig. 11 . The detail of charging and discharging behavior and a total load of each scheme in four different cases is as follows.
• Case-1(50 EVs): Fig. 10 and 11 show that there is no discharging of EVs and no overloading of the smart grid load with all the three schemes. This is because the number of EVs is limited and there is enough time for them to recharge. Table 8 shows that all the three schemes perform similarly, by satisfying the smart grid as well as the EV use's requirements. The equal performance of all the three schemes is due to the limited number of EVs with longer stay time in the PL.
• Case-2(100 EVs): The charging and discharging behavior of CDFCFS and FLIA are shown in Fig.10 . It depicts VOLUME 7, 2019 that the huge demand is during the time slots between 38 and 48 and is compensated by discharging EVs with higher SoCs. The CFCFS scheme does not discharge any EV, resulting in a higher charging demand during these time slots. To compensate for the peak demand, the CDFCFS discharge most of the early arrived EVs. The FLIA discharge only those EVs which have sufficient energy and are staying for a longer duration in the parking lot while holding the charging activities of the rest of the EVs. The discharged EVs are recharged in later consequent time slots. Out of the three schemes, the CFCFS shows overloading of the grid from slot number 38 to 48, as shown in Fig. 11 . The results in Table 8 shows that the impact on load with CFCFS is about 19.24 %, while the number of satisfied EVs with CDFCFS and FLIA is about 76.0 % and 88.0 %, respectively.
• Case-3(150 EVs): Figure 10 shows increasing the number of discharging EVs with CDFCFS compared with FLIA. With the increasing number of EVs, the parking occupancies are also growing, which result in increasing the total load with CFCFS as shown in Fig. 11 . This overloading impact on the grid is about 28.28 % as shown in Table 8 , which is about 9.04 % more than the previous case-2. Furthermore, the percentage of the number satisfied EVs is also decreasing. It can be observed from Table 8 that the percentage of satisfied EVs with CDFCFS and FLIA schemes are about 62.0 % and 68.0 %, respectively. The trend of decreasing number of EVs from case-2 is about 14.0 % and 20.0 % with CFCFS and FLIA schemes, respectively.
• Case-4(200 EVs): The investigation of all the previous cases revealed an increasing trend of smart grid overloading with CFCFS, whereas a decreasing trend in the number of satisfying EVs with CDFCFS and FLIA schemes. Similar behavior of discharging more number of EVs with CDFCFS scheme compared to the FLIA scheme has been observed in Fig. 10 . With CFCFS scheme, the total load shown in Fig. 11 is more severe VOLUME 7, 2019 as compared to the previous three cases. According to Table 8 , the impact of smart grid overload is incremented by a factor of 14.43 % from case3, thus reaching to overloading of about 42.71 % with CFCFS. The number of satisfying EVs with CDFCFS and FLIA schemes in Table 8 are 53.5 % and 57.5 % respectively. This gives an analogous deteriorating number of satisfying EVs with each of CDFCFS and FLIA scheme as compared to the previous three cases. The reason for this declination in the satisfying EVs with FLIA is that it counts all those EVs as unsatisfied unless their batteries are fully charged.
V. CONCLUSION
In this paper, we proposed a fuzzy logic inference based algorithm to accommodate the charging and discharging of EVs within the allowable power limit and provide EV use's satisfaction. In order to achieve these goals, we developed a fuzzy logic inference mechanism to determine an appropriate charging, discharging or withholding decision for EVs. The developed fuzzy inference mechanism evaluated several uncertain input parameters such as the available power from smart grid, arrival time, departure time, SoC, and required stay time from EVs. The proposed FLIA utilizes the decision values to adjust the power consumption and enhance the satisfying EVs. The proposed scheme is applied to a parking lot with four parking capacities of 50, 100, 150 and 200 EVs. The simulation studies verified that the proposed FLIA was able to manage the power efficiently and serve more number of EVs compared with the conventional methods. In more detail, while comparing to the CFCFS scheme, the FLIA reduced the overloading of th grid by 19.24, 28.28 %, and 42.71 in case-2, case-3, and case-4, respectively. Furthermore, the FLIA severed about 12.0, 6.0 and 4.0 more EVs in case-2, 3 and 4 respectively, when compared to CDFCFS based scheme. In future work, the proposed algorithm will be extended to support more inputs from EV users such as the amount of charging and discharging energy according to their next trip.
